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Abstract
Background: Population health is linked closely to poverty. To assess the effectiveness of health
interventions it is critical to monitor the spatial and temporal changes in the health indicators of
populations and outcomes across varying levels of poverty. Existing measures of poverty based on
income, consumption or assets are difficult to compare across geographic settings and are
expensive to construct. Remotely sensed data on artificial night time lights (NTL) have been shown
to correlate with gross domestic product in developed countries.
Methods:  Using national household survey data, principal component analysis was used to
compute asset-based poverty indices from aggregated household asset variables at the
Administrative 1 level (n = 338) in 37 countries in Africa. Using geographical information systems,
mean brightness of and distance to NTL pixels and proportion of area covered by NTL were
computed for each Administrative1 polygon. Correlations and agreement of asset-based indices
and the three NTL metrics were then examined in both continuous and ordinal forms.
Results: At the Administrative 1 level all the NTL metrics distinguished between the most poor
and least poor quintiles with greater precision compared to intermediate quintiles. The mean
brightness of NTL, however, had the highest correlation coefficient with the asset-based wealth
index in continuous (Pearson correlation = 0.64, p < 0.01) and ordinal (Spearman correlation =
0.79, p < 0.01; Kappa = 0.64) forms.
Conclusion: Metrics of the brightness of NTL data offer a robust and inexpensive alternative to
asset-based poverty indices derived from survey data at the Administrative 1 level in Africa. These
could be used to explore economic inequity in health outcomes and access to health interventions
at sub-national levels where household assets data are not available at the required resolution.
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Background
The health of populations is inextricably linked to the
depth of their poverty [1,2]. Breaking the vicious cycle of
poverty and ill-health has formed the basis of the interna-
tional community's Millennium Development Goals
(MDGs) [3]. At national levels, targeting resources to
those most in need is a guiding principle of poverty reduc-
tion strategies and health policies [4]. However, obtaining
accurate metrics on the depth and spatial disparities in
poverty poses several problems. Measures of poverty at
household level are often computed from complex survey
data on income, consumption or expenditure [5]. These
data are difficult to reliably collect at regular intervals
nationally; are subject to significant reporting bias; show
large fluctuations over time; or are seen as indicative only
of the short term economic status of the sampled house-
holds [6,7]. A default metric that is used more frequently,
and is easier to collect during household surveys, is based
on assets variables [6,8]. In sub-Saharan Africa (SSA),
most national household surveys now have a standard-
ized welfare module that routinely collects information
on household assets and are used to report the socio-eco-
nomic patterns in health outcomes [9,10]. Several of these
common asset variables have also been shown to be asso-
ciated with income and consumption [11,12] and this
relationship is now the basis of poverty mapping using
small-area estimation methods [13,14].
Asset-based wealth indicators, although easier to collect,
suffer from limitations similar to those of income- and
consumption-based indicators often resulting in metrics
that are not comparable across countries, or even within
countries, especially where the relationship of input vari-
ables to well-being varies across different social and geo-
graphical settings [6,15]. Therefore, where the aim is to
relate poverty to other metrics such as health across mul-
tiple geographic entities, these poverty measures become
deficient. Furthermore, regardless of which survey-based
measure of poverty is used, the process of collecting the
relevant data to allow the examination of detailed sub-
national differences in poverty and resource need is
expensive. Alternative measures are therefore required
that are easier to interpret, comparable temporally and
spatially across national and sub-national boundaries and
for which data are less expensive to obtain.
The spatial distribution and intensity of satellite-derived
night time lights (NTL) has been shown in several studies
to correlate with per capita gross domestic product (GDP)
and other national level socio-economic indicators [15-
19]. It has also been shown to be a good proxy for popu-
lation distribution [20]. This simple source of informa-
tion is derived from satellite imagery at high spatial
resolutions and is readily available in the public domain
[18]. However, until now analysis using NTL as a proxy for
poverty has only considered its relationship with con-
sumption-based measures in high-income countries
[15,19] where such data exist. Here we seek to examine
the correlation between NTL and wealth asset indicators
of poverty at sub-national spatial resolutions in Africa.
Methods
Data
Units of analysis: Administrative 1 unit
The Administrative 1 unit, which is the equivalent of prov-
inces, states or regions in most African countries and con-
sidered to be the second tier of government after the
national level [21], was used as the spatial unit of analysis.
Digital maps of these units were obtained through a com-
bination of the United Nations Geographic Information
Working Group – Second Administrative Level Boundary
(UNGIWG-SALB) and the Food & Agriculture Organiza-
tion – Global Administrative Units Layers (FAO-GAUL).
The UNGIWG-SALB project began in the mid-1990s as an
effort to develop agreed-upon digital boundaries to at
least the second administrative level for purposes of devel-
oping a global population grid surface [22]. This attempt
was based on a standardized international borders tem-
plate developed by the UN Cartographic Section involv-
ing an elaborate network of UN and other agencies and
national governments [21]. The FAO-GAUL initiative is
funded by the European Commission (EC) and works
along similar structures as the UNGIWG-SALB effort [23].
However, there were differences in the resolution of the
two boundary datasets and they were therefore combined
and the data with finest resolution was retained to create
a comprehensive digital boundary database at Adminis-
trative 1 level [24].
Zero population mask
The Global Rural Urban Mapping Project (GRUMP) is the
most recent and highest resolution source of human pop-
ulation distribution data at the continental level [25]. This
database is created from a substantially larger number of
administrative data units, and has been shown to provide
a higher level of accuracy, than other population data
products [26,27]. GRUMP provides global gridded popu-
lation density estimates at ~1 × 1 km spatial resolution as
described in detail elsewhere [25,28]. Those areas of
Africa defined by GRUMP as having zero population were
vectorized to form polygons (Figure 1) which were then
used to re-define the habitable area within each Adminis-
trative 1 unit for subsequent extraction and analysis.
Extraction of NTL data
The Defense Meteorological Satellite Program (DMSP)
Operational Linescan System (OLS) instruments measure
emitted visible and infrared radiation and at night time
produce imagery of lights on the ground (NTL imagery).
By compositing cloud-free NTL images and reporting thePopulation Health Metrics 2008, 6:5 http://www.pophealthmetrics.com/content/6/1/5
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frequency of observations above a threshold average radi-
ance, global NTL products can be produced. Moreover, by
removing ephemeral lights produced by fires and random
noise events that occurred in the same place less than
three different times, 'stable' lights can be identified.
These stable lights represent electrified human settle-
ments, gas flares and heavily lit boats, primarily. Based on
location, brightness, persistence and visual appearance,
these are separated into separate global products [30]. The
global human settlement NTL product at ~1 × 1 km spa-
tial resolution for the year 2000 was downloaded from the
the National Oceanic and Atmospheric Administration's
National Geophysical Data Center (NOAA-NGDC) web-
site [31] in raster grid format and data for Africa were
extracted (Figure 1). The brightness of light pixels vary on
an arbitrary scale from 0–63 units, which represents the
average brightness for 2000, with the centre of large, well-
electrified cities producing the highest values. The total
habitable area under NTL, defined as anywhere with a
brightness value of 1 or greater, was computed for each
Administrative 1 unit using ArcGIS 9.1 (ESRI Inc., NY,
USA) extraction tools. In addition, the mean of brightness
of and great circle distances (km) to light pixels were com-
puted for each Administrative 1 unit. Administrative 1
units were then ranked into quintiles using these extracted
light pixel parameters.
Household assets information
Most standard national surveys in the last decade have
captured information on a variety of household level asset
variables: household head education and occupation;
household ownership of durable goods; access to water
and sanitation; and type of housing structure which are
used as proxies of household wealth. The two main
sources of household assets data used in this study were
the Multiple Indicators Cluster Surveys (MICS) supported
by the United Nations Children's Fund (UNICEF) [9] and
the Demographic and Health Surveys (DHS) imple-
mented and managed by MEASURE (Monitoring and
Evaluation to Assess and Use Results) – DHS [10] in col-
laboration with national ministries and statistics bureaus.
UNICEF developed MICS methodologies in the mid-
1990s and began the first round (MICS 1) in 1995 fol-
lowed by a second round (MICS 2) in 2000 covering a
total of 24 African countries [9]. The third and most recent
round (MICS 3) was undertaken from 2005–2007 and
covered 19 countries in Africa [32]. Both DHS and MICS
are designed to be representative at the national and
Administrative 1 level with generally large sample sizes of
approximately 5,000 households or more derived from a
two-stage cluster sample design and are usually conducted
every five years.
Administrative 1 unit boundary maps of Africa showing: a) the distribution of night time lights for the year 2000; b) availability  of assets data for 338 units in 37 countries Figure 1
Administrative 1 unit boundary maps of Africa showing: a) the distribution of night time lights for the year 
2000; b) availability of assets data for 338 units in 37 countries. The maps also show areas of zero population density 
derived from GRUMP surface.Population Health Metrics 2008, 6:5 http://www.pophealthmetrics.com/content/6/1/5
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Several countries have multiple MICS and DHS data avail-
able in the public domain, but for the purpose of this
analysis, priority was given to household surveys that
were undertaken close to the year 2000, the year of pro-
duction of the NTL data (Table 1). Selected surveys for all
countries were then compared in terms of the types and
categories of household level asset variables that they con-
tained. Only those variables that were common across all
countries were selected, including: household head edu-
cation (no education, primary, secondary & above); own-
ership of durable goods (radio and television); access to
piped water; and connection to sewage system (Table 1).
Of 56 African countries, only 37 had comparable national
household surveys available, 11 of which were carried out
between the years 2003 and 2006 (Figure 2 & Table 1). It
was decided that these surveys carried out between these
years were sufficiently close in time to the 2000 NTL data
for meaningful comparison given that asset indicators are
less volatile and not subject to fluctuations in the short
term compared to the standard income and consumption
measures [11].
Constructing wealth assets index at administrative1 level
The five selected household level assets variables were
aggregated to Administrative 1 level digital boundaries in
ArcGIS 9.1 by calculating the proportion of households in
each response category (Table 1). A wealth assets index
was then computed for each Administrative 1 unit from
these aggregated assets variables using principal compo-
nent analysis (PCA). PCA is a data reduction technique
that provides a method of identifying, from a multivariate
data set, weighted combinations of variables that contain
most of the information common to the full set [8]. The
first principle component represented the linear combina-
tion of asset variables which explained the largest propor-
tion of the total variation in the data set, and was used to
represent a composite wealth assets measure. The corre-
sponding component loading weights quantified the con-
tribution of each variable to this composite measure.
These loadings were then used to compute a weighted
sum of the proportions in each Administrative 1 unit to
create a single composite wealth assets index that encap-
sulated most of the information contained in the catego-
ries of the five separate assets variables. Values of this
index were then used to rank Administrative 1 units into
quintiles.
Assets index versus night-time lights as a measure of poverty
An Administrative 1 level comparison between wealth
assets index and both the mean brightness of and distance
to nearest NTL pixel and the proportion of area covered by
NTL was undertaken using scatter plots and Pearson's cor-
relation tests. The variables were all transformed using
natural logarithms and were then examined visually for
normality. A constant of value one was added to the NTL
metrics before transformation to account for those
Administrative 1 units with original values of zero. In
addition, box-plots of the NTL measures categorized by
the assets-based wealth quintiles were constructed. The
relationships between quintile rankings of Administrative
1 units based on the asset index and on all three NTL met-
rics were investigated using the Spearman's rank correla-
tion and Kappa statistics. The Kappa statistic ranges from
0 to 1 with values < 0.01 indicating less than chance agree-
ment; 0.01–0.20 slight agreement; 0.21–0.40 fair agree-
ment; 0.41–0.60 moderate agreement; 0.61–0.80
substantial agreement; and 0.81–0.99 almost perfect
agreement [33]. Maps of Administrative 1 units showing
the ranking of units based on the asset index and the NTL
metric with the highest correlation were generated in Arc-
GIS 9. (Figure 3).
Results
Comparable household assets data were available for 338
Administrative 1 units in 37 out of 56 African countries
(Figure 1 & Table 1). Assets data for 15 out of 37 countries
were obtained from surveys done in the year 2000 (corre-
sponding to the production year of the NTL): seven coun-
tries in 1999 or 2001; two countries in 1998; and the rest
of the countries in 2003 – 2006 (Table 1). The first com-
ponent from which the asset index was derived explained
43.3% of the variation in the asset data. Overall the wealth
index based on the five asset variables ranged from a mean
of -1.67 in Somalia to 3.45 in Egypt. The mean (standard
deviation) of brightness of light pixels ranged from
0.0061 (0.3419) digital numbers in Chad to 1.9321
(8.1347) in Egypt. Chad and Somalia ranked as the coun-
tries with lowest mean brightness of NTL each with a
value of 0.0097. Overall, 2.2% of the total area of the 37
countries was covered by NTL, ranging from 0.07% in
Chad to 17.28% in Swaziland while Egypt had 12.18% of
area covered by NTL. The mean distance to nearest NTL
pixel was highest for Central African Republic (163.71
km) and lowest for Comoros Islands (7.07 km). Overall,
26 out of 338 Administrative 1 units did not have any NTL
pixels.
According to the asset index 18 out of 37 countries did not
have a single Administrative 1 unit in the least poor quin-
tile, with 97 out of 165 units in these countries ranked in
the poorest and second poorest quintiles (Table 2& Figure
3). Among those 18 countries which did not have Admin-
istrative 1 units in the least poor quintile, Somalia, Chad,
Central African Republic, Niger and Angola had 50% or
more of their units in the most poor quintile. In contrast,
all of 7 and 26 Administrative 1 units in Morocco and
Egypt respectively were in the least poor quintile. When
the quintile rankings based on the mean brightness and
distance to, and proportion of area covered by, NTL were
considered, the countries that dominated the bottom andP
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Table 1: Country (n = 37) summaries. 
Assets-based 
wealth index
Brightness of 
night time lights 
(NTL)
Distance (km) to 
NTL
Distance to 
nearest BTL pixel
Country Source Survey Year Number of 
Admin1 units 
(n = 338)
Mean 
(standard 
deviation)
Mean 
(standard 
deviation)
Mean 
(standard 
deviation)
Mean 
(standard 
deviation)
% area covered 
by NTL
Angola MICS 2001 18 -1.02 (0.80) 0.0357 (0.9587) 89.98 (50.77) 71.86(36.23) 0.31
Benin DHS 2001 6 -0.29 (0.86) 0.2398 (2.1562) 38.43 (26.68) 25.41(16.50) 2.16
Burkina Faso DHS 2003 13 -0.97 (0.69) 0.1292 (1.7804) 40.28 (29.25) 32.90(17.24) 0.99
CAR DHS 1994–5 17 -1.54 (0.82) 0.0097 (0.4832) 213.89 (111.01) 163.71(44.66) 0.10
Chad DHS 2004 9 -1.13 (1.07) 0.0061 (0.3419) 220.48(114.45) 133.85(47.42) 0.07
Comoros DHS 1996 3 -0.48 (0.20) 0.8398 (2.4499) 6.59(5.89) 7.07(5.31) 12.29
Congo DHS 2005 4 1.38 (1.57) 0.0393 (1.0331) 82.44(40.53) 57.02(20.28) 0.31
DRC MICS 2001 11 -0.75 (0.93) 0.0287 (0.8941) 152.98(94.61) 123.63(65.11) 0.23
Egypt DHS 2000 26 3.45 (1.16) 1.9321 (8.1347) 76.02(74.41) 16.37(13.99) 12.18
Ethiopia DHS 2000 11 -0.89 (1.38) 0.0541 (0.9639) 70.8(44.60) 53.85(29.15) 0.54
Gabon DHS 2000 5 1.23 (1.59) 0.0786 (1.4102) 52.26(32.34) 49.32(31.26) 4.02
Gambia MICS 2000 6 0.9 (1.49) 0.3702 (2.5203) 16.42(9.94) 13.97(8.04) 3.76
Ghana DHS 2003 10 0.62 (1.41) 0.8348 (4.1937) 17.13(14.66) 13.92(10.23) 7.65
Guinea DHS 2005 8 -0.70 (1.20) 0.1335 (1.5688) 36.51(22.37) 31.89(17.33) 1.30
Kenya DHS 2003 8 0.20 (1.75) 0.1775 (1.8377) 63.22(41.51) 38.64(23.23) 1.72
Lesotho MICS 2000 10 -0.12 (0.56) 0.4178 (2.8363) 23.08(15.62) 22.05(10.27) 3.58
Madagascar DHS 2003–4 6 -1.06 (1.09) 0.0393 (0.8856) 84.13(47.13) 74.18(38.23) 0.36
Malawi DHS 2000 3 -0.73 (0.05) 0.5109 (3.1261) 20.94(15.55) 20.66(13.18) 4.83P
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Mali DHS 2001 7 -0.37 (1.43) 0.0271 (0.7588) 188.99(165.15) 78.45(49.63) 0.24
Morocco DHS 2003–4 7 2.89 (0.55) 1.0878 (5.0683) 18.59(16.89) 15.73(12.61) 8.79
Mozambique DHS 2003 11 -0.64 (1.03) 0.0624 (1.2019) 71.55(43.71) 62.02(33.21) 0.54
Namibia DHS 2000 13 1.73 (1.91) 0.0799 (1.2678) 61.71(43.14) 55.30(33.97) 0.75
Niger DHS 1998 8 -1.11 (0.91) 0.0203 (06527) 155.43(95.34) 94.36(53.57) 0.22
Nigeria DHS 2003 6 0.39 (0.74) 0.5254 (3.2639) 27.94(26.51) 25.30(21.27) 4.54
Rwanda MICS 2000 12 -1.00 (0.83) 0.3252 (2.7895) 25.26(16.20) 21.14(8.37) 2.53
Sao Tome and 
Principe
MICS 2000 2 0.78 (0.18) 1.1627 (4.2087) 34.11(51.85) 84.42(7.50) 10.02
Senegal MICS 2000 10 0.46 (1.21) 0.2337 (2.2721) 34.77(25.89) 21.26(13.28) 2.49
Sierra Leone MICS 2000 4 0.58 (1.13) 0.0349 (0.6409) 40.03(19.65) 31.78(15.43) 0.43
Somalia MICS 2006 18 -1.67 (0.88) 0.0097 (0.3541) 112.97(59.56) 104.62(39.20) 0.10
South Africa DHS 1998 9 2.20 (1.19) 1.6346 (6.4894) 22.42(42.23) 15.87(23.57) 13.45
Sudan MICS 2000 16 -0.50 (0.78) 0.0774 (1.311) 129.60(104.62) 83.93(52.13) 0.87
Swaziland MICS 2000 4 1.75 (0.67) 1.8261 (5.3554) 7.56(6.28) 7.55(5.91) 17.28
Tanzania DHS 1999 9 -0.73 (0.87) 0.096 (1.3980) 59.90(38.57) 46.27(28.37) 0.86
Togo MICS 2000 5 -0.16 (0.20) 0.428 (2.9724) 22.85(15.63) 22.45(13.81) 3.70
Uganda DHS 2000–1 4 -0.74 (0.68) 0.1649 (1.9448) 46.21(28.16) 43.77(24.73) 1.39
Zambia DHS 2001–2 9 -0.06 (1.55) 0.1684 (1.9745) 49.93(28.42) 46.34(26.96) 1.30
Zimbabwe DHS 1999 10 1.06 (2.55) 0.4490 (3.2131) 32.09(22.92) 23.92(15.74) 4.17
Showing type and year of national surveys used to constructing asset indices: the mean (standard deviation) of asset indices; brightness of night time lights; distance to the nearest light pixel; and 
the percentage of area covered by NTL at the Administrative1 level units.
CAR = Central African Republic
DRC = Democratic Republic of Congo (formerly Zaire)
DHS = Demographic and Health Surveys
MICS = Multiple Indicator Cluster Surveys
Table 1: Country (n = 37) summaries.  (Continued)Population Health Metrics 2008, 6:5 http://www.pophealthmetrics.com/content/6/1/5
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Scatter and box* plots showing the relationship of the asset index against mean** brightness of NTL; mean distance to NTL;  and proportion of area covered by NTL Figure 2
Scatter and box* plots showing the relationship of the asset index against mean** brightness of NTL; mean 
distance to NTL; and proportion of area covered by NTL. The x-axis of the box plots show quintiles derived from the 
asset-based index where 1 = most poor and 5 = least poor. *The box indicates the inter-quartile range (25% and 75%) and the 
thick line within the box represents the median. The whiskers represent the 2.5% and 97.5% percentiles and outliers are plot-
ted as circles outside this range. **The mean includes pixels with zero nigh time pixel values.P
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Table 2: Ordinal wealth rankings (quintiles) of 338 Administrative 1 units in 37 African countries. 
Assets- based wealth index Mean brightness of night time lights (NTL) Proportion of area covered by NTL Mean distance (km) to the nearest NTL
C o u n t r y 1 2 3 4 51 23 451 2 3 4 512 3 45
Angola 6 6 4 2 5 11 1 1 5 10 2 1 6 9 2 1
Benin 3 1 2 2 2 2 2 2 2 3 3
Burkina Faso 5 3 4 1 1 3 7 1 1 4 8 1 2 2 8 1
CAR 13 2 1 1 13 2 1 1 13 2 1 1 12 3 1 1
Chad 5 1 2 1 5 3 1 5 3 1 6 1 1 1
Comoros 3 1 2 2 1 3
Congo 1 1 2 2 1 1 2 1 1 1 2 1
DRC 2 6 1 1 1 7 2 1 1 7 2 2 9 1 1
E g y p t 2 6 14 2 1 2 3 2 1 1 233 1 7
E t h i o p i a 4 1 4 1 1 3 4 2 2 5 22 2 2 511 2
Gabon 1 3 1 2 2 1 2 2 1 2 3
Gambia 1 4 1 1 3 1 1 3 2 1 5 1
Ghana 3 6 1 1 6 3 1 5 4 1 4 5
G u i n e a 1 5 1 1 24 11 2 4 1 1 1 4 21
Kenya 1 4 2 1 1 3 2 2 1 3 2 2 1 3 2 2
Lesotho 1 5 4 2 2 6 1 1 2 6 2 6 2
Madagascar 3 2 1 2 2 1 1 2 2 2 2 2 2
Malawi 3 1 2 1 2 1 2
Mali 1 2 3 1 1 3 2 1 1 3 2 1 2 2 2 1P
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Morocco 7 5 2 5 2 4 3
Mozambique 2 4 3 1 1 1 5 3 1 1 1 6 2 1 1 3 5 1 1 1
N a m i b i a 2 5 6 1 3 72 2 26 3 1 741
Niger 4 2 1 1 2 3 2 1 2 4 1 1 4 2 1 1
Nigeria 2 4 1 3 2 1 4 1 2 4
Rwanda 3 7 1 1 4 1 2 4 1 4 2 5 1 3 6 3
Sao Tome and 
Principe
21 1 1 1 1 1
Senegal 1 3 5 1 1 3 4 2 1 3 4 2 3 4 3
Sierra Leone 1 2 1 1 2 1 1 2 1 3 1
Somalia 13 2 1 2 14 2 1 1 13 4 1 12 4 1 1
South Africa 2 7 3 6 1 2 6 1 5 3
S u d a n 1 8 2 5 2 73 222 7 3 2 257 3 1
Swaziland 1 3 2 2 1 3 4
Tanzania 2 3 3 1 4 2 2 1 4 2 2 1 4 3 2
Togo 3 2 1 3 1 1 3 1 1 3 1
Uganda 1 1 1 1 1 2 1 1 2 1 1 3
Zambia 1 2 3 1 2 3 4 1 1 3 4 2 3 6
Zimbabwe 1 5 1 3 3 5 2 3 5 2 4 4 2
Based on household assets-based indices; the mean brightness of night time lights; the mean distance to nearest night time lights pixel; and the proportion of area covered by night time lights. Q1 
= most poor quintile; Q5 = least poor quintile.
Table 2: Ordinal wealth rankings (quintiles) of 338 Administrative 1 units in 37 African countries.  (Continued)Population Health Metrics 2008, 6:5 http://www.pophealthmetrics.com/content/6/1/5
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top quintiles generally remained the same with Chad,
Somalia and the Central African Republic consistently
ranked as the 'poorest' while Egypt, Morocco, Swaziland
and South Africa the 'richest' (Table 2).
Scatter and box plots of the continuous and ordinal (quin-
tile) relationships between the asset-based wealth index
and the three NTL measures at Administrative 1 level are
shown in Figure 2. While mean brightness of, and propor-
tion of area covered by, NTL exhibited positive correlation
with the assets-based index, the mean distance to nearest
NTL pixel, as anticipated, showed a negative correlation.
All the NTL indicators distinguished unambiguously
between the most and least poor quintiles based on the
assets index. Their strength, however, in separating the
middle quintiles was generally weak (Figure 2). The Pear-
son and Spearman correlation coefficients of the asset
index versus the three NTL measures are presented in
Table 3. In the continuous form, the mean brightness of
NTL exhibited the strongest correlation with asset-based
wealth index of all three NTL indicators (Pearson correla-
tion = 0.64, p < 0.01) (Table 3). When the quintiles based
on the assets-based wealth index were compared to those
based on the three NTL measures, the quintile rankings of
the mean of NTL brightness had the highest Spearman's
rank correlations of 0.79 while those of the mean distance
to nearest NTL pixel had the lowest correlation (-0.62)
with the asset-based index. The corresponding Kappa sta-
tistic was 0.64 and 0.58 showing substantial and moder-
ate agreement with assets index respectively (Table 3).
Discussion
Currently international development milestones such as
the MDGs, which comprise a set of eight internationally
agreed goals that cover areas such as poverty reduction,
education, infrastructure and health, use asset-based
wealth quintiles as a way of monitoring changes in socio-
economic inequity [34]. NTL, whilst representing a nar-
rower dimension of human development compared to
the combined asset variables of wealth, provide the bene-
fit of being easily available and comparable spatially and
temporally at a high spatial resolution. In this study we
have shown that the mean brightness of the NTL human
settlement product had a reasonably high linear correla-
tion with asset-based indices at the Administrative 1 unit
level in Africa (Table 3 & Figure 2) as both a continuous
(Pearson's correlation coefficient = 0.64) and ordinal
(Spearman's correlation coefficient = 0.79; Kappa = 0.64)
variable. The ordinal forms of all the NTL metrics clearly
separated the most and least poor quintiles with the
median asset-based index of these quintiles not overlap-
ping (Figure 2). While we have examined solely the use of
2000 NTL data here, the forthcoming production of more
contemporary human settlement products [31], the con-
stant acquisition of new NTL imagery [35] and even the
possibility of finer resolution NTL imagery [36] mean that
the potential to track changes in poverty levels over large
scales exists, and this will be a focus of future research.
The main attraction of presenting poverty or socio-eco-
nomic data on an ordinal scale, such as quintiles, is the
ease with which results can be interpreted by policy mak-
ers and planners. This is especially the case when such a
scale is used to define heterogeneity in specific population
indicators such as fertility, mortality or access to public
services. The problem with ordinal scales, however, is that
information in intermediate classes, (2nd, 3rd and 4th in
the case of quintiles), is rarely distinct and difficult to
interpret. Consequently, most studies and programmes
focus mainly on the difference between the top (least
poor) and bottom (most poor) quintiles. In this regard,
the significant positive correlation between asset indices
and the mean brightness of NTL, particularly in the ordi-
nal form, provides an opportunity for using the latter as
an alternative poverty metric to asset-based indices, with
the additional benefit of preserving independence and
comparability across geographic settings, particularly in
most of Africa where the use of electric lighting remains
generally low with significant between and within country
variation [37]. Arguably, as more recent national survey
data that record household level variables become availa-
ble, the need for such NTL metrics will decrease for within
Table 3: Pearson correlation; Spearman rank correlation; and Kappa statistics of the relationship between the asset-based wealth 
index and the various night time lights metrics for 338 Administrative 1 level units in 37 countries in Africa. 
Pearson* Correlation Spearman's* rank correlation Kappa coefficient (95% CI)
Mean brightness of NTL 0.64 0.79 0.64 (0.70, 0.58)
Proportion of area covered by NTL 0.63 0.74 0.58 (0.63, 0.51)
Mean distance (km) to NTL -0.61 -0.62 0.42 (0.49, 0.35)
The Pearson and Spearman's correlations assess the relationships between the asset-based wealth index and the night time lights metrics in the 
continuous and the categorical (quintiles) forms, respectively. CI = confidence interval
*Correlations are significant at the 0.01 level (2-tailed)Population Health Metrics 2008, 6:5 http://www.pophealthmetrics.com/content/6/1/5
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country evaluations. In addition, it is possible the NTL
metric is a weak proxy of poverty at cluster level given that
its distribution at such small area level is likely to be
homogenous. The strength of NTL data, however, is in
their ease of extraction, their comparability across space
and their repeated measurements.
Our findings on the relationship of asset indices and NTL
in Africa are comparable with previous studies where var-
ious NTL metrics were shown to be useful indicators of
economic activity and correlated with GDP [17] and
income per-capita [15] in Europe and the USA. In combi-
nation with gridded global population maps, NTL bright-
ness was also shown to be a relatively accurate metric for
computing populations below national and international
poverty lines [19]. However, there are issues of scale
dependence [17,38] whereby different results can be
observed from the same data aggregated at different geo-
graphic scales which can lead to erroneous imputations
from observations at a smaller geographic unit to a larger
one or vice versa [17]. In this analysis it is not clear
whether the fidelity of our observations will remain when
aggregated to resolutions finer than the Administrative 1
level in Africa. In addition, the NTL data used here suffer
from a 'blooming' effect – the tendency to over-estimate
the extent of large, well-electrified urban areas [18,39], a
problem which the new generation of NTL products in
production attempt to resolve [40]. It is possible, there-
fore, that the strength of the relationship between asset-
based indices and NTL metrics observed at Administrative
1 level for Africa may not hold at lower resolution and
caution should be exercised when extrapolating the find-
ings of these results.
Conclusion
The study shows that in Africa mean brightness of NTL is
highly correlated with asset-based indices at the Adminis-
trative 1 level. The observations made here are plausible
given that where there are more investments in infrastruc-
tural development, particularly in urban settings, people
are on the whole wealthier [41]. The rate of urban devel-
opment and electrification in Africa is discussed elsewhere
[37]. What this study shows, however, is that public
domain, spatially continuous and temporally dynamic
data on NTL can be used to track changes in poverty levels
and that these relate to current standards of poverty meas-
urement.
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